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Abstract

Thegrowing gapbetweensustainedandpeakperformancefor scienti�c applicationshasbecomea well-known
problemin high performancecomputing.The recentdevelopmentof parallelvectorsystemsoffers thepotentialto
bridgethisgapfor asigni�cant numberof computationalsciencecodesanddeliverasubstantialincreasein computing
capabilities.This paperexaminestheintranodeperformanceof theNEC SX6 vectorprocessorandthecache-based
IBM Power3/4superscalararchitecturesacrossa numberof key scienti�c computingareas.First, we presentthe
performanceof a microbenchmarksuitethatexaminesa full spectrumof low-level hardwarecharacteristics.Next,
westudythebehavior of theNAS ParallelBenchmarksusingavarietyof optimizationschemes.Finally, weevaluate
theperformanceof severalnumericalcodesfrom key scienti�c computingdomains.Overall resultsdemonstratethat
theSX6achieveshighperformanceonalargefractionof ourapplicationsuiteandin many casessigni�cantly outper-
formstheRISC-basedarchitectures.However, certainclassesof applicationsarenoteasilyamenableto vectorization
andwould likely requireextensive reengineeringof bothalgorithmandimplementationto utilize theSX6effectively.

1 Intr oduction

The rapidly increasingpeakperformanceand generalityof superscalarcache-basedmicroprocessorslong led re-
searchersto believe that vectorarchitectureshold little promisefor future large-scalecomputingsystems.Due to
their costeffectiveness,an ever-growing fractionof today's supercomputersemploy commoditysuperscalarproces-
sors,arrangedas systemsof interconnectedSMP nodes. However, the growing gap betweensustainedand peak
performancefor scienti®capplicationsonsuchplatformshasbecomewell-known in highperformancecomputing.

Therecentdevelopmentof parallelvectorsystemsoffersthepotentialto bridgethisgapfor asigni®cantnumberof
scienti®ccodes,andto increasecomputingpowersubstantially. This washighlighteddramaticallywhentheJapanese
EarthSimulatorSystem's [2] resultswerepublished[18, 19, 22]. TheSimulator, basedonNECSX61 vectortechnol-
ogy, provides®ve timestheLINPACK performancewith half thenumberof processorsof the IBM SP-basedASCI
White,oneof theworld'smostpowerful supercomputersbuilt, usingsuperscalartechnology[7]. More importantthan
peakperformance,however, is what this new capabilityentailsfor scienti®ccommunitiesthat rely on modelingand
simulation. It is thereforecritical to evaluatethesetwo microarchitecturalapproachesin the context of demanding
computationalalgorithms.

We comparetheperformanceof theNEC SX6vectorprocessoragainstthecache-basedIBM Power3andPower4
architecturesfor several key scienti®c computingareas. We begin by evaluatinglow-level systemcharacteristics
usingmicrobenchmarks.Speci®cally, wemeasurememorybandwidthfor variousdataaccesspatterns,interprocessor
MPI communicationspeeds,andOpenMPthreadoverheads.Next, we evaluatesix of thewell-known NAS Parallel
Benchmarks(NPB) [13]. Finally, we presentperformanceresultsfor numericalcodesfrom scienti®ccomputing
domains,includingastrophysics,fusionenergy, materialsscience,�uid dynamics,andmoleculardynamics.Our tests
encompassa wide spectrumof algorithms,andmultiple programmingparadigmsandparallelizationstrategies.Since
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mostmodernscienti®ccodesarealreadytunedfor cache-basedsystems,we examinetheeffort requiredto port these
applicationsto thevectorarchitecture.We focuseon serialandintranodeperformanceof our applicationsuite,while
isolatingprocessorandmemorybehavior. Futurework will explorethebehavior of multi-nodevectorcon®gurations.

2 Ar chitectural Speci�cations

We brie�y describethe salientfeaturesof the threeparallelarchitecturesexamined.Table1 presentsa summaryof
their intranodeperformancecharacteristics.NoticethattheNECSX6hassigni®cantlyhigherpeakperformance,with
a memorysubsystemthatfeaturesadatarateanorderof magnitudehigherthantheIBM Power3/4systems.

Node CPU/ Clock Peak MemoryBW Peak MPI Latency
Type Node (MHz) (G�ops/s) (GB/s) Bytes/Flop (usec)

Power3 16 375 1.5 0.7 0.45 8.6
Power4 32 1300 5.2 2.3 0.44 3.0

SX6 8 500 8.0 32 4.0 2.1

Table1: Architecturalspeci®cationsof thePower3,Power4,andSX6nodes

2.1 Power3

TheIBM Power3was®rst introducedin 1998aspartof theRS/6000series.Each375MHz processorcontainstwo
FPUsthat canissuea multiply-add(MADD) per cycle for a peakperformanceof 1.5 GFlops/s.The Power3 hasa
shortpipelineof only threecycles, resultingin relatively low penaltyfor mispredictedbranches.The out-of-order
architectureusesprefetchingto reducepipelinestallsdueto cachemisses.The CPU hasa 32KB instructioncache
anda 128KB 128-way setassociative L1 datacache,aswell asan 8MB four-way setassociative L2 cachewith its
own privatebus. EachSMP nodeconsistsof 16 processorsconnectedto main memoryvia a crossbar. Multi-node
con®gurationsarenetworkedvia theIBM Colony switchusinganomega-typetopology.

The Power3 experimentsreportedin this paperwereconductedon a singleNighthawk II nodeof the 208-node
IBM pSeriessystem(namedSeaborg) runningAIX 5.1andlocatedat LawrenceBerkeley NationalLaboratory.

2.2 Power4

ThepSeries690SMPnodeis thelatestgenerationof IBM' sRS/6000series.Each32-waySMPconsistsof 16Power4
chips(organizedas4 MCMs). A chip containstwo 1.3 GHz processorcores.Eachcorehastwo FPUscapableof a
fusedMADD percycle, for a peakperformanceof 5.2 G�ops/s. Two load-storeunits,eachcapableof independent
addressgeneration,feedthe two doubleprecisionMADDers. The superscalarout-of-orderarchitecturecanexploit
instruction-level parallelismthroughits eightexecutionunits. Up to eight instructionscanbe issuedeachcycle into
a pipelinestructurecapableof simultaneouslysupportingmorethan200 instructions. Advancedbranchprediction
hardwareminimizestheeffectsof therelatively longpipeline(six cycles)necessitatedby thehigh frequency design.

The Power4 storagehierarchyhasthreelevels of cache,plus main memory. Eachprocessorcontainsits own
private L1 cache(64KB instructionand 32KB data)with prefetchhardware; however, core pairs sharea 1.5MB
uni®edL2 cache. Certaindataaccesspatternsmay thereforecauseL2 cachecon�icts betweenthe two processing
units.Thedirectoryfor theL3 cacheis locatedon-chip,but thememoryitself residesoff-chip. TheL3 is designedas
astandalone32MB cache,or to becombinedwith otherL3son thesameMCM to createa largerinterleavedcacheof
up to 128MB. Multi-nodePower4 con®gurationsarecurrentlyavailableemploying IBM' s Colony interconnect,but
futurelarge-scalesystemswill usethelower latency Federationswitch.

ThePower4experimentsreportedherewereperformedon a singlenodeof the27-nodeIBM pSeries690system
(“Cheetah”)runningAIX 5.1andoperatedby OakRidgeNationalLaboratory. TheexceptionwastheOVERFLOW-D
code,whichwasrunona 64-processorsystematNASA AmesResearchCenter.

2.3 SX6

The NEC SX6 vectorprocessorusesa dramaticallydifferentarchitecturalapproachthanmoreconventionalcache-
basedsystems.Vectorizationexploits regularitiesin the computationalstructureto expediteuniform operationson
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independentdatasets.Vectorarithmeticinstructionsinvolve identicaloperationson theelementsof vectoroperands
locatedin thevectorregister®le. Many scienti®ccodesallow vectorization,sincethey arecharacterizedby predictable
®ne-graindata-parallelismthatcanbeexploitedwith properlystructuredprogramsemanticsandsophisticatedcompil-
ers.The500MHz SX6processorcontainsan8-wayreplicatedvectorpipecapableof issuingaMADD eachcycle,for
apeakperformanceof 8 G�ops/s perCPU.Theprocessorscontain72vectorregisters,eachholding25664-bitwords,
for a vectorlengthof 256elements.Thus,algorithmsthancanbestructuredto expressdataparallelismin blocksof
256elementscanmosteffectively utilize theSX6 vectorinfrastructure.

For non-vectorizableinstructions,theSX6 containsa 500MHz scalarprocessorwith a 64KB instructioncache,a
64KB datacache,and128general-purposeregisters.The4-way superscalarunit hasa theoreticalpeakof 1 G�ops/s
andsupportsbranchprediction,dataprefetching,andout-of-orderexecution.SincetheSX6vectorunit is signi®cantly
morepowerful thanthescalarunit, it is critical to achievehigh vectoroperationratios,eithervia compilerdiscovery,
or explicitly throughcode(re-)organization.

Unlike mostconventionalarchitectures,theSX6 vectorunit lacksdatacaches.Insteadof relying on datalocality
to reducememoryoverhead,memorylatenciesaremaskedby overlappingpipelinedvectoroperationswith memory
fetches. The SX6 useshigh speedDDR SDRAM, with peakbandwidthof 32GB/sper CPU: enoughto feedone
operandper cycle to eachof the replicatedpipe sets. EachSMP containseight processorsthat sharethe node's
memory. Thenodescanbeusedasbuilding blocksof large-scalemultiprocessorsystems.Currentlytheworld'smost
powerful supercomputer, theEarthSimulator[2], contains640SX6nodes,connectedthroughasingle-stagecrossbar.

Thevectorresultsin thispaperwereobtainedonasingle-node(8-way)SX6system(“Rime”) runningSUPER-UX
at theArctic RegionSupercomputingCenter(ARSC)of theUniversityof Alaska.

3 Micr obenchmarks

Thissectionpresentstheperformanceof amicrobenchmarksuitethatmeasuresa full spectrumof low-level hardware
characteristics,including memorysubsystembehavior and scatter/gatherhardware support(using STREAM [6]);
point-to-pointcommunication,network contention,andbarriersynchronizations(usingPMB [4]); andreductionop-
erationandthreadcreationoverhead(usingEEPC[10]).

3.1 Memory AccessPerformance

First we examinethe low-level memorycharacteristicsof the threearchitecturesin our study. Table2 presentsunit-
stridememorybandwidthbehavior of thetriadsummationusingthewell-knownSTREAMbenchmark[6], represented
as: ���������
	������������������ . Additionally, thetableshows thepercentagedegradationin performancewith increasing
numbersof processors,isolatingmemorycontentioncharacteristics.The STREAM benchmarkeffectively captures
the peakbandwidthof the architectures,andshows that the SX6 achievesabout14X and48X the performanceof
the Power3 andPower4, respectively, on a singleprocessor. Notice alsothat the SX6 shows negligible bandwidth
degradationfor up to eighttasks,while thePower3/4degradeby almost50%for fully packednodes.

Our next experimentconcernsthe speedof strideddataaccess. Figure 1(a) presentsour resultsfor a 64MB
memorycopy ���������	����� usingvariousmemorystrides. Onceagain,the SX6 shows goodbandwidth,up to two
(three)ordersof magnitudebetterthanthePower4 (Power3),while showing markedly lessaveragevariationacross
the rangeof stridesstudied. Observe that certainstridesimpact SX6 memorybandwidthquite pronouncedly, by
an orderof magnitudeor more. Analysisshows that stridescontainingfactorsof two worsenperformancedueto

Power3 Power4 SX6
�

MB/s Degradation MB/s Degradation MB/s Degradation

1 661 0% 2292 0% 31900 0%
2 661 0% 2264 1.2% 31830 0.2%
4 644 2.6% 2151 6.2% 31875 0.1%
8 568 14.1% 1946 15.1% 31467 1.4%
16 381 42.4% 1552 32.3%
32 1040 54.6%

Table2: STREAM triadperformance(in MB/s) andbandwidthdegradation
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Figure1: Performanceof (a) 64MB memorycopy usingvariousdatastridesand(b) MPI send/receive usingvarious
messagesizes.

increasedDRAM bankcon�icts. On thePower3/4aprecipitousdropin datatransferrateoccursfor smallstrides,due
to lossof cachereuse.Thisdropis morecomplex on thePower4,dueto its morecomplicatedcachestructure.

Finally, Table3 presentsthememorybandwidthof indirectaddressingthroughavectorgatheroperationof various
sizes: ��������� 	����	����� � , where �	����� is a permutationof the indicesof 	 . The unit strideperformanceis alsoshown
for comparison.For smallerdatasizes,the cache-basedarchitecturesshow betterdataratesfor indirect accessto
memory. However, for larger datagathers,the SX6 is ableto utilize its hardwaregather/scattersupporteffectively,
outperformingthecache-basedsystems.

Data Power3 Power4 SX6
Size Gather Unit Stride Gather Unit Stride Gather Unit Stride

16KB 2546 3110 8182 9176 1088 1218
256KB 756 2060 3438 9944 7172 13128
32MB 364 438 2828 3460 7924 30060

Table3: Memorybandwidth(in MB/s) for irregularandunit stridecopy

3.2 MPI Performance

Messagepassingis the mostwide-spreadprogrammingapproachfor high-performanceparallelsystems.The MPI
library hasbecomethede factostandardfor messagepassing.It allows intra- andinter-nodecommunications,thus
obviating theneedfor hybrid programmingschemesfor distributed-memorysystems.AlthoughMPI increasescode
complexity comparedwith shared-memoryprogrammingparadigmssuchas OpenMP, its bene®tslie in enhanced
performancefor coarse-grainedcommunication,andimplicit synchronizationthroughblockingcommunication.

8192Bytes 131072Bytes 524288Bytes 2097152Bytes
�

Power3 Power4 SX6 Power3 Power4 SX6 Power3 Power4 SX6 Power3 Power4 SX6

2 143 515 1578 408 1760 6211 508 1863 8266 496 1317 9580
4 135 475 1653 381 1684 6232 442 1772 8190 501 1239 9521
8 132 473 1588 343 1626 5981 403 1638 7685 381 1123 8753
16 123 469 255 1474 276 1300 246 892
32 441 868 592 565

Table4: MPI send/receiveperformance(in MB/s) for variousmessagesizesandprocessorcounts

Figure1(b)andTable4 presentbandwidth®guresobtainedusingthePallasMPI Benchmark(PMB) suite[4], for
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exchnagingintranodemessagesof varioussizes.The®rst setof threeplotsin Fig.1(b) (the®rst row in Table4) shows
thebest-casescenario,whenonly two processorswithin a nodecommunicate.Noticethat theSX6 hassigni®cantly
betterperformance,achieving morethan27X (8X) thebandwidthof thePower3(Power4),for the largestmessages.
The secondsetof plotsshows the effectsof network contentionwhenall processorswithin eachSMP areinvolved
in exchangingmessages.Onceagain,theSX6 substantiallyoutperformsthePower3/4architectures.For example,a
messagecontaining524288(

�����

) bytes,suffers46%(68%)bandwidthdegradationwhenfully saturatingthePower3
(Power4),but only 7%on theSX6 (seeTable4).

Table5 shows the overheadof MPI barriersynchronization(in � sec). As expected,the barrieroverheadon all
threearchitecturesincreaseswith the numberof processors.For the fully loadedSMP testcase,the SX6 has3.6X
(1.9X) lower barriercostthanthePower3(Power4);however, for theeight-processortestcase,theSX6 performance
degradesprecipitouslyandis slightly exceededby thePower4.

�

Power3 Power4 SX6

2 17.1 6.7 5.0
4 31.7 12.1 7.1
8 54.35 19.8 22.0
16 79.08 28.92
32 42.38

Table5: MPI synchronizationoverhead(in � sec)

3.3 OpenMP Performance

Shared-memoryparallelprogrammingis oftenmuchsimplerthanmessage-passing,sinceeachprocessorhasglobal
accessto all memory. Shared-memoryparallelism—withOpenMPthe de factostandard–isgenerallyachieved by
insertingcompilerdirectivesinto thecodeto distributeloop iterationsamongtheprocesses.This sectionexplorestwo
sourcesof overheadassociatedwith OpenMPconstructs:threadspawningandreductions.Thecostof theseoperations
dependson theunderlyinghardware,aswell ason theimplementationof theOpenMPrun-timelibrary.

Table6 presentstheOpenMPoverhead(in � sec)of thethreearchitectures,basedonthebenchmarksuitedeveloped
atEEPC[10]. For threadcreation,theSX6hasthelowestoverheadwhile sufferingtheleastperformancedegradation
with increasingnumbersof processors.Thescalarsumreductionexperimentshows that thePower4is fastestfor up
to eightprocessors.However, whenusingall theprocessorsof thenode,theSX6 onceagainoutperformsthePower3
andPower4,by factorsof 2.5and6.3,respectively.

ThreadSpawning ScalarReduction
�

Power3 Power4 SX6 Power3 Power4 SX6
2 35.5 34.5 24.0 37.8 16.3 24.0
4 37.1 35.6 24.3 40.6 17.3 24.3
8 42.9 37.5 25.2 51.4 19.9 25.3
16 132.5 54.9 64.2 38.1
32 175.5 158.3

Table6: OpenMPoverheads(in � sec)for spawning threadsandsumreduction

Our overall microbenchmarkingresultsdemonstratethat for low-level programconstructs,the specializedSX6
vectorhardwaresigni®cantlyoutperformsthe commodity-basedsuperscalardesignsof the Power3/4architectures.
Additionally, theSX6 consistentlyshowedlittle degradationin performancewith increasingnumbersof processors.
Unfortunately, thesamewasnotgenerallytruefor thePower3/4,wheretheper-processorperformanceonfully loaded
SMPnodesdeterioratedsigni®cantly.

4 Scienti�c Kernels: NPB

TheNAS ParallelBenchmarks(NPB) [13] providea goodmiddlegroundfor evaluatingtheperformanceof compact,
well-understoodapplications. The NPB were createdat a time whenvectormachineswere consideredno longer
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cost effective, andalthoughtheir performancewas meantto be good acrossa whole rangeof systems,they were
written with cache-basedsystemsin mind. Herewe investigatethe work involved in producinggoodNPB vector
code(Power3/4 resultswill be includedin the ®nal paper). Of the eight publishedNPB, we selectthe six most
appropriatefor our currentstudy: MG, a multi-grid kernelwith trivial datadependenciesbut non-unitstridewhen
exchangingsolutionsbetweendifferentgrids;CG,a sparse-matrixconjugate-gradientalgorithmmarkedby irregular
strideresultingfrom indirect addressing;FT, an FFT kernel; BT andSP, synthetic�o w solversthat featuresimple
recurrencein a differentarrayindex in threedifferentpartsof thesolutionprocess;andLU, a synthetic�o w solver
thatfeaturesamorecomplicatedrecurrencein multiplearrayindicessimultaneously.

We presentuni-processorperformanceresultsfor thesecodeson the SX6 for three(increasing)problemsizes,
commonlyreferredto asClassesA, B, andC, andthreevariationsof vectorperformancetuning: default compiler
�ags (FLAG), compilerdirectives(DIR), actualcodechanges(MOD). Theresultsof theseexercisesarepresentedin
Table7. Dittos (" ) indicatethatperformanceremainedessentiallythesameafteradditionaloptimization.

Tuning Class MG CG FT SP BT LU

A 2.00 0.329 0.411 1.71 0.345 0.481
FLAG B 1.97 0.414 0.423 2.48 0.355 0.743

C 2.52 0.490 0.398 3.10 0.350 0.741
A " " " " 1.92 "

DIR B " " " " 2.15 "
C " " " " 2.37 "
A " " 1.47 " 2.70 "

MOD B " " 1.97 " 3.12 "
C " " 1.94 " 4.29 "

Table7: NAS ParallelBenchmarksSX6uni-processorperformance(in G�ops/s)

Evidently, the SP and MG codesvectorizefully without userintervention,despitethe fact that someSP loop
nestsfeaturerecursionsin the innermostloop. Theseget recognizedproperlyby thecompiler, which appliesa loop
interchange.LU couldhave beenimprovedif a majorcoderestructuringhadbeenattemptedthatwould have turned
a triple-looprecurrenceinto single-looprecurrence(wavefront method).AlthoughtheCG codefully vectorizesand
exhibitsfairly longvectorlengths,performanceis notverygooddueto many bankcon�icts resultingfrom theindirect
addressing.FT did not performwell in its original form, becausethecomputationswereblocked,with a ®xedblock
lengthof 16words.Addingcompilerdirectivesdid nothelp.But oncethecodewasmodi®edto useablockinglength
equalto thesizeof thegrid (only threelineschanged),performanceimprovedmarkedlydueto increasedvectorlength.

BT is the most interestingcase. The basecodeperformedpoorly becausesubroutinesin inner loops inhibited
vectorization. Also, someinner loops of small ®xed length were vectorized,leadingto very short vector length.
Compiler�ags enablingsubroutineinlining andexpansionof small loopsled to completevectorization,but did not
improve performance.This wasbecausetheexpand �ag wasignoredby thecompilerin crucialpartsof thecode.
Insertinganexpand directiveat theproperlocationdid nothelpeither. Expandingthesmallloopsby hand,however,
led to longvectorlengthsthroughoutthecode,andgoodperformance(morethan50%of peakfor ClassC).

5 Application PerformanceMetrics

Six applicationsfrom diverseareasin scienti®ccomputingwerechosento measureandcomparetheperformanceof
theSX6with thatof thePower3andPower4.Theapplicationsare:Cactus,anastrophysicscodethatsolvesEinstein's
equations;TLBE, a fusion eneryapplicationthat performssimulationsof high-temperatureplasma;PARATEC, a
materialssciencecodethat solvesKohn-Shamequationsto obtainelectronwavefunctions;OVERFLOW-D, a CFD
productioncodethatsolvestheNavier-Stokesequationsaroundcomplex aerospacecon®gurations;GTC, a particle-
in-cell approachto solvethegyrokineticVlasov-Poissonequations;andMindy, asimpli®edmoleculardynamicscode
thatusestheParticleMeshEwaldalgorithm.

Performanceresultsarereportedin M�ops/s perprocessor, exceptwheretheoriginalalgorithmhasbeenmodi®ed
for theSX6(thesearereportedaswall-clock time). Flopsareobtainedwith thehpmcount tool on thePower3/4and
ftrace on theSX6. Additionally, to characterizevectorizationbehavior, we show theaverage vectorlength(AVL)
andthevectoroperationratio (VOR)of theSX6.
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Figure2: Visualizationfrom arecentCactussimulationof anin-spiralingmergerof two blackholes.

6 Astrophysics: Cactus

One of the most challengingproblemsin astrophysicsis the numericalsolution of Einstein's equationsfollowing
from theTheoryof GeneralRelativity (GR): a setof couplednonlinearhyperbolicandelliptic equationscontaining
thousandsof termswhenfully expanded.The Albert EinsteinInstitutein Potsdam,Germany, developedtheCactus
code[1] to evolve theseequationsstably in 3D on supercomputersto simulateastrophysicalphenomenawith high
gravitational �ux es,suchasthe collision of two black holes(seeFigure2) andthe gravitational wavesthat radiate
from thatevent.

6.1 Methodology

Thecoreof theCactussolverusestheADM formalism;alsoknown asthe3+1form. In GR,spaceandtimeform a4D
space(threespatialandonetemporaldimension)thatcanbeslicedalongany dimension.For thepurposeof solving
Einstein's equations,theADM solver decomposesthesolutioninto 3D spatialhypersurfacesthat representdifferent
slicesof spacealongthe time dimension. In this formalism,the equationsarewritten as four constraintequations
and12 evolution equations.The evolution equationscanbe solved usinga numberof differentnumericalmethods
includingstaggeredleapfrog,McCormack,Lax-Wendroff, anditerativeCrank-Nicholsonschemes.A “lapse”function
describesthetime slicing betweenhypersurfacesfor eachstepin theevolution. A “shift metric” is usedto move the
coordinatesystemateachstepto avoid beingdrawn into asingularity. Thefour constraintequationsareusedto select
differentlapsefunctionsandtherelatedshift vectors.

For performanceevaluationwefocusedontwo differentimplementationsof thecoreCactusADM solver. The®rst
benchmarkapplicationusestheFortran77-basedADM kernel(BenchADM[8]), written whenvectormachineswere
morecommon;consequently, we expectit to vectorizewell. BenchADMis computationallyintensive, involving 600
�ops pergrid point. ThesecondCactusADM kernel(BenchBSSN[9]) is a newer solver, written usingF90syntax.
BenchBSSNwasdevelopedspeci®callyfor microprocessor-basedarchitectures;it hasfeaturessuchasmoreintense
useof conditionalstatementsin inner loopsthatmay degradeperformanceon vectorarchitectures.In bothkernels,
the loop bodyof themostnumericallyintensive partof thesolver is large(severalhundredlinesof code). Splitting
this loop provided little or no performanceenhancement,asexpected,due to little registerpressurein the default
implementation.

6.2 Porting Details

BenchADMvectorizedalmostentirelyon theSX6 in the®rst attempt.However, thevectorizationappearsto involve
only the innermostof a triply nestedloop ( � , � , and � -directionsfor a 3D evolution). Theresultingeffective vector
lengthfor thecodeis directly relatedto the � -extentof thecomputationalgrid.
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The BenchBSSNkernelwasmoredif®cult to port. The sizeof the inner loop for two loop nestswastoo large
for the�o w analysisof theautomaticvectorizationsystem.Useof explicit vectorizationdirectiveswasunsuccessful.
Diagnosticcompilermessagesindicatedincorrectly that somescalartemporariescausedan inter-loop dependency.
However, theSX6 hasno directive to inform thecompilerthat scalarvariablesaredependence-free.To circumvent
this issue,we convertedthesetemporaryscalarsinto 1D vectorsof length equalto the � -extent of the grid. This
increasedthememoryfootprintof thecodeconsiderably, but allowedthecompilerto vectorizethecodeimmediately.

6.3 PerformanceResults

Table8 presentsserialperformanceresultsfor BenchADMandBenchBSSNin M�ops/s. For BenchADM,thestan-
dardbenchmarkgrid of size80 � 80 � 80 producedresultsthat wereonly 25% of peak. Increasingthe grid size to
128� 128� 128doubledAVL andnearlydoubledthe performanceof the benchmark,achieving 4.4 G�ops/s with a
VORof almost100%.Variousexperimentswith differentoptimizationoptions,suchasmoreradicalexpressionreor-
ganization(-C hopt ) or inter-proceduralanalysisfailedto deliveranoticeableboostin performance.To date,SX6's
55%of peakperformanceis thebestachievedfor this benchmarkon any currentcomputerarchitecture.In fact, the
SX6uni-processorperformancewasa remarkable129X(14X) betterthanthePower3's (Power4's).

Problem Power3 Power4 SX6
Code Size M�ops/s M�ops/s M�ops/s AVL VOR
BenchADM 128� 128� 128 34 316 4400 127 99.7%
BenchBSSN 128� 128� 64 186 1168 2350 128 99.3%

80 � 80 � 40 209 547 1765 80 99.0%
40 � 40 � 20 249 722 852 40 98.4%

Table8: Serialperformanceof theCactusBenchADMandBenchBSSNkernels

The SX6 performancefor BenchBSSNwasconsiderablylower than for BenchADM, due to the extra level of
indirectionemployedto forcethecodeto vectorize.Additionally, thelargenumberof conditionalstatementsemployed
in theinnerloop,althoughbene®cialfor microprocessor-basedarchitectures,degradesvectorperformance.Noticethe
strongcorrelationbetweenAVL andSX6performance,showing theimportanceof makingthevectorlengthsasclose
to themaximumaspossible(256words).Table8 shows thatfor the80 � 80 � 40problemsize,theSX6 outperformed
thePower3andPower4by factorsof 8.4and3.2,respectively.

7 PlasmaFusion: TLBE

LatticeBoltzmannmethodsprovide a mesoscopicdescriptionof the transportpropertiesof physicalsystemsusinga
linearizedBoltzmannequation.They offer anef®cientway to modelturbulenceandcollisionsin a �uid. TheTLBE
application[20] performsa2D simulationof high-temperatureplasmausingahexagonallatticeandtheBGK collision
operator. Figure3 showsanexampleof vorticity contoursin the2D decayof shearturbulencesimulatedby TLBE.

7.1 Methodology

TheTLBE simulationhasthreecomputationallydemandingcomponents:computationof themeanmacroscopicvari-
ables(integration);relaxationof themacroscopicvariablesaftercolliding (collision); andpropagationof themacro-
scopicvariablesto neighboringgrid points(stream).The®rst two stepsare�oating-point intensive, thethird consists
of datamovementonly. The problemis ideally suitedfor vectorarchitectures.The ®rst two stepsarecompletely
vectorizable,sincethecomputationfor eachgrid point is purelylocal. Thethird stepconsistsof a setof stridedcopy
operations.In addition,distributingthegrid via a2D decompositioneasilyparallelizesthemethod.The®rst two steps
requireno communication,while the third hasa regular, staticcommunicationpatternin which theboundaryvalues
of themacroscopicvariablesareexchanged.
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Figure3: TLBE simulatedvorticity contoursin the2D decayof shearturbulence.

7.2 Porting Details

After initial pro®lingontheSX6usingbasicvectorizationcompileroptions(-C vopt ), apoorresultof 280M�ops/s
wasachievedfor a small64 � 64 grid usinga serialversionof thecode.ftrace showedthatVOR washigh (95%)
andthat thecollision stepdominatedtheexecutiontime (96%of total); however, AVL wasonly about6. We found
thattheinnerloop over thenumberof directionsin thehexagonallatticehadbeenvectorized,but not a loop overone
of thegrid dimensions.Invoking themostaggressivecompiler�ag (-C hopt ) did nothelp.

Therefore,we rewrote thecollision routineby creatingtemporaryvectors,andinvertedtheorderof two loopsto
ensurevectorizationoveronedimensionof thegrid. As a result,serialperformanceimprovedby afactorof 7, andthe
parallelTLBE versionwascreatedby insertingthenew collision routineinto theMPI versionof thecode.

7.3 PerformanceResults

Parallel TLBE performanceusinga productiongrid of 2048� 2048is presentedin Table9. The SX6 resultsshow
thatTLBE achievesalmostperfectvectorizationin termsof AVL andVOR.The2- and4-processorrunsshow similar
performanceastheserialversion;however, anappreciabledegradationis observedwhenrunning8 MPI tasks,which
is mostlikely dueto network contentionin theSMP.

Power3 Power4 SX6
�

M�ops/s M�ops/s M�ops/s AVL VOR

1 70 250 4060 256 99.5%
2 110 300 4060 256 99.5%
4 110 310 3920 256 99.5%
8 110 470 3050 255 99.2%
16 110 460
32 440

Table9: Per-processorperformanceof TLBE ona 2048� 2048grid

For both the Power3 andPower4 architectures,the collision routinerewritten for the SX6 performedsomewhat
betterthantheoriginal. In both thePower3/4,parallelTLBE showedhigherM�ops/s (perCPU)comparedwith the
serialversion.This is dueto theuseof smallergridsperprocessorin theparallelcase,resultingin improvedcache
reuse.Themorecomplex behavior onthePower4is dueto thecompetitiveeffectsof thethree-levelcachestructureand
saturationof theSMPmemorybandwidth.In summary, usingall 8 CPUson theSX6givesanaggregateperformance
of 24.4G�ops/s (38%of peak),andaspeedupof 27.7Xand6.5X over thePower3/4,with minimal portingoverhead.
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8 Materials Science:PARATEC

PARATEC (PARAllel Total Energy Code)[5] performs®rst-principlesquantummechanicaltotal energy calculations
usingpseudopotentialanda planewave basisset. The approachis basedon DensityFunctionalTheory(DFT) that
hasbecomethe standardtechniquein materialsscienceto calculateaccuratelythe structuralandelectronicproper-
tiesof new materialswith a full quantummechanicaltreatmentof theelectrons.CodesperformingDFT calculations
areamongthelargestconsumersof computercyclesin centersaroundtheworld, with theplane-wavepseudopotential
approachbeingthemostcommonlyused.Bothexperimentalandtheorygroupsusethesetypesof codesto studyprop-
ertiessuchasstrength,cohesion,growth, catalysis,magnetic,optical,andtransportfor materialslike nanostructures,
complex surfaces,dopedsemiconductors,andothers.

8.1 Methodology

PARATEC usesan all-bandconjugategradient(CG) approachto solve the Kohn-Shamequationsof DFT to obtain
thewavefunctionsof theelectrons.Part of thecalculationsis carriedout in real spaceandthe remainderin Fourier
spaceusingspecializedparallel3D FFTsto transformthe wavefunctions. The codespendsmostof its time (over
80% for a large system)in vendorsuppliedBLAS3 and1D FFTson which the3D FFTsarebuilt. For this reason,
PARATEC generallyobtainsa high percentageof peakperformanceon differentplatforms. The codeexploits ®ne-
grainedparallelismby dividing theplanewave componentsfor eachelectronamongthedifferentprocessors.For a
review of this approachwith applications,see[14, 17].

8.2 Porting Details

PARATEC,anMPI codedesignedprimarily for massively parallelsystems,alsorunsonserialmachines.Sincemuch
of thecomputationinvolvesvendorsuppliedFFTsandBLAS3,anef®cientvectorimplementationof thecoderequires
theselibrariesto vectorizewell. While theBLAS3 routinesarewell vectorizedon theSX6, thestandardFFTs(e.g.,
ZFFT) run at a low percentageof peak.It is thusnecessaryto usethesimultaneous1D FFTs(e.g.,ZFFTS) to obtain
goodvectorization.A small amountof coderewriting wasrequiredto convert the3D FFT routinesto simultaneous
(“multiple”) 1D FFT calls.

8.3 PerformanceResults

Theresultsin Table10 show scalingtestsof a 250Si-atombulk systemfor a standardLDA run of PARATEC with
a 25 Ry cut-off usingnorm-conservingpseudopotential.Therunsarefor threeCG stepsof the iterative eigensolver,
andincludetheset-upandI/O stepsnecessaryto run thecode.

Power3 Power4 SX6
�

M�ops/s M�ops/s M�ops/s AVL VOR
1 915 2290 5090 113 98%
2 915 2250 4980 112 98%
4 920 2210 4700 112 98%
8 911 2085 4220 112 98%
16 840 1572
32 1327

Table10: Per-processorperformanceof PARATEC ona 250Si-atombulk system

Resultsshow thatPARATEC vectorizeswell andachieves64%of peakon oneprocessorof theSX6. The AVL
is approximatelyhalf thevectorregisterlength,but with a high fractionof VOR.This is becausemostof thetime is
spentin 3D FFTsandBLAS3. The lossin scalability to 8 processors(53% of peak)aredueprimarily to memory
contentionandinitial codeset-up(including I/O) thatdo not scalewell. Performanceincreaseswith largerproblem
sizesandmoreCG steps:for example,running432Si-atomsystemsfor 20 CG stepsachieved73%of peakon one
processor.
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Figure4: Sectionalviewsof theOVERFLOW-D testgrid systemandthecomputedvorticity magnitudecontours.

PARATECrunsef®ciently on thePower3;theFFTandBLAS3 routinesarehighly optimizedfor thisarchitecture.
Thecoderanat61%of peakonasingleprocessorandanestimable56%on16processors.Largerphysicalsystems—
432Si atoms—ranat 1.02G�ops/s (68%of peak)on16processors.On thePower4,PARATEC runsata muchlower
fractionof peak(44%on oneprocessor)dueto its relatively poor ratio of memorybandwidthto peakperformance.
Nonetheless,thePower432-processorSMPnodeachieveshigh total performance,exceedingthatof the8-processor
SX6 node.We concludethat,dueto thehigh computationalintensityanduseof optimizednumericallibraries,these
typesof codesrunef®ciently onbothscalarandvectormachines,without theneedfor signi®cantcoderestructuring.

9 Fluid Dynamics: OVERFLOW-D

OVERFLOW-D [21] is an oversetgrid methodology[11] for viscous�o w simulationsaroundaerospacecon®gura-
tions.Theapplicationcanhandlecomplex designswith multiplegeometriccomponents,whereindividualbody-®tted
gridsareeasilyconstructedabouteachcomponent.OVERFLOW-D is designedto simplify themodelingof compo-
nentsin relative motion (dynamicgrid systems).At eachtime step,the �o w equationsaresolved independentlyon
eachgrid (“block”) in asequentialmanner. Boundaryvaluesin grid overlapregionsareupdatedbeforeeachtimestep,
usingaChimerainterpolationprocedure.Thecodeuses®nitedifferencesin space,andimplicit/explicit timestepping.

9.1 Methodology

TheMPI versionof OVERFLOW-D (in F90)is basedon themulti-block featureof thesequentialcode,which offers
naturalcoarse-grainparallelism.Thesequentialcodeconsistsof anouter“time-loop” andaninner“grid-loop”. The
inter-grid boundaryupdatesin theserialversionareperformedsuccessively. To facilitateparallelexecution,gridsare
clusteredinto groups;oneMPI processis thenassignedto eachgroup. Thegrid-loop in theparallelimplementation
containstwo levels,a loopovergroups(“group-loop”)anda loopover thegridswithin eachgroup.Thegroup-loopis
performedin parallel,with eachgroupperformingits own sequentialgrid-loopandinter-grid updates.Theinter-grid
boundaryupdatesacrossthegroupsareachievedvia MPI.

Thehybridparadigm[12] exploitsasecondlevel of parallelismusingOpenMP, whereexplicit compilerdirectives
areinsertedat the loop level. The time-loopin thehybrid approachis similar to thepureMPI case.Only the grid-
loop,whichcontainsthecomputationallyintensivepartof thecode,is multithreadedby OpenMP. Currently, thesame
numberof threadsarespawnedperMPI process;thetotalnumberof processorsusedin thehybridcodeis theproduct
of thenumberof spawnedOpenMPthreadsandthenumberof MPI processes.
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9.2 Porting Details

Both the MPI andhybrid implementationsof OVERFLOW-D arebasedon the sequentialversion,the organization
of which wasdesignedto exploit vectormachines.The samebasiccodestructureis usedon both the Power4 and
the SX6, exceptfor the LU-SGSlinear solver that requiredsigni®cantmodi®cationsto enhanceef®ciency. On the
Power4, a pipeline [12] strategy was implemented,while on the SX6, a hyper-planealgorithm was used. These
changesweredictatedby thedatadependenciesinheritedby thesolutionprocess,andtakeadvantageof thecacheand
vectorarchitecture,respectively. A few otherminor changeswerealsomadein somesubroutinesin aneffort to meet
thespeci®cMPI/OpenMPcompilerrequirements.

9.3 PerformanceResults

Our experimentsinvolve a Navier-Stokessimulationof vortex dynamicsin the complex wake �o w region around
hovering rotors. The grid systemconsistedof 41 blocks and8 million grid points. Figure 4 presentsa sectional
view of thetestapplicationgrid andthecomputedvorticity magnitutecontoursof the®nal solution. Table11 shows
executiontimes(averagedover10 time steps)on thePower4andSX6; Power3resultsarecurrentlyunavailable.The
hybrid runswith oneOpenMPthreadandthepureMPI runswith thesamenumberof processesareconceptuallythe
same;however, dueto proceduraldifferences,they havedifferenttimings.

MPI OpenMP Paradigm Power4 SX6
�

Tasks Threads sec sec AVL VOR

2 2 — MPI 15.8 5.5 87 80%
2 2 1 Hybrid 18.2 5.6 84 77%
4 4 — MPI 8.5 2.8 84 76%
4 4 1 Hybrid 10.1 2.8 83 71%
4 2 2 Hybrid 10.5 3.6 — —

8 8 — MPI 4.3 1.6 79 69%
8 8 1 Hybrid 6.0 1.6 76 62%
8 2 4 Hybrid 5.9 2.5 — —
8 4 2 Hybrid 6.2 1.8 — —
16 16 — MPI 3.7
16 16 1 Hybrid 4.5
16 4 4 Hybrid 3.7
32 32 — MPI 3.4
32 32 1 Hybrid 2.8
32 8 4 Hybrid 2.7

Table11: MPI andhybridperformanceof OVERFLOW-D ona 8 million-grid pointproblem

Resultsshow thattheSX6outperformsthePower4for boththemessage-passingandhybridparadigms.Runtimes
for 8 processorson theSX6 areroughlycomparableto the32-processorPower4numbers.Scalabilityis similar for
botharchitectures,with computationalef®ciency decreasingfor a largernumberof MPI tasks,dueto loadimbalance.
OntheSX6,therelatively smallAVL andlimited VORexplainwhy thecodeachievesamaximumof only 1.9G�ops/s
on 8 processors.ReorganizingOVERFLOW-D would achieve highervectorperformance;however, extensive effort
wouldberequiredto modify this productioncode.

In general,thehybrid implementationrequiresmoreprogrammereffort but performsonly negligibly betterthan
theMPI versionin somecases.Similarly, runswith largernumbersof threadsappearto belessef®cient for thesame
total numberof processors.However, thehybrid paradigmfor oversetgrid applicationsis appropriatewhenthetotal
numberof processorsis closeto or largerthanthenumberof blocks,whenloadbalancingis dif®cult [12].
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Figure5: Electrostaticpotential�uctuationsof microturbulencein magneticallycon®nedplasmasusingGTC.

10 Magnetic Fusion: GTC

The goal of magneticfusion is the constructionand operationof a burning plasmapower plant producingclean
energy. The performanceof sucha device is determinedby the rateat which the energy is transportedout of the
hot coreto the colderedgeof the plasma.The GyrokineticToroidal Code(GTC) [16] wasdevelopedto studythe
dominantmechanismfor this transportof thermalenergy, namelyplasmamicroturbulence.Plasmaturbulenceis best
simulatedby particlecodes,in which all the nonlinearitiesarenaturally included. Figure5 presentsa visualization
of electrostaticpotential�uctuations in a globalnonlineargyrokineticsimulationof microturbulencein magnetically
con®nedplasmas.

10.1 Methodology

GTC solvesthe gyroaveragedVlasov-Poisson(gyrokinetic)systemof equations[15]) usingthe particle-in-cellap-
proach. Insteadof interactingwith eachother, the simulatedparticlesinteractwith a self-consistentelectrostaticor
electromagnetic®eld describedon a grid. Numerically, the PIC methodscalesas � , insteadof ��� as in the case
of directbinary interactions.Also, theequationsof motion for theparticlesaresimpleODEs(ratherthannonlinear
PDEs),andcanbesolvedeasily(e.g.Runge-Kutta). Themaintasksat eachtime stepare:depositthechargeof each
particleat thenearestgrid points(scatter);solve thePoissonequationto getthepotentialat eachgrid point; calculate
the forceactingon eachparticlefrom thepotentialat thenearestgrid points(gather);move theparticlesby solving
theequationsof motion;®nd theparticlesthathavemovedoutsidetheir localdomainandmigratethemaccordingly.

Theparallelversionof GTC performswell on massive superscalarsystems,sincethePoissonequationis solved
asa local operation. The key performancebottleneckis the scatteroperation,a loop over the arraycontainingthe
positionof eachparticle.Basedona particle'sposition,we ®nd thenearestgrid pointssurroundingit andassigneach
of thema fractionof its chargeproportionalto theseparationdistance.Thesechargefractionsarethenaccumulated
in anotherarray. Thescatteralgorithmin GTC is complicatedby thefact that thesearefastgyratingparticleswhere
motionis describedby chargedringsbeingtrackedby their guidingcenter(thecenterof thecircularmotion).

10.2 Porting Details

GTC's scatterphasepresentedsomechallengeswhenporting the codeto the SX6 architecture.It is dif®cult to im-
plementef®ciently due to its non-sequentialwrites to memory. The particlearray is accessedsequentially, but its
entriescorrespondto randomlocationsin thesimulationspace.As a result,thegrid arrayaccumulatingthecharges
is accessedin randomfashion,resultingin poorcacheperformance.This problemis exacerbatedon vectorarchitec-
tures,sincemany particlesdepositchargesat thesamegrid point,causinga classicmemorydependenceproblemand
preventingvectorization.We avoid thesememorycon�icts by usingtemporaryarraysof vectorlength(256words)to
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accumulatethecharges.Oncethe loop is completed,the informationin the temporaryarrayis mergedwith thereal
chargedata;however, this increasesmemorytraf®c andreducesthe�op/byte ratio.

Anothersourceof performancedegradationwasashortinnerloop locatedinsidetwo largeparticleloopstheSX6
compilercould not vectorize. This problemwassolved by insertinga vectorizationdirective, fusing the inner and
outerloops.Finally, I/O within themainloophadto beremovedin orderto allow vectorization.

10.3 PerformanceResults

Table12 shows the resultsof single-processorGTC runs. Only the serialversionhasbeenvectorizedat this time;
however, recentresultsdemonstratethatGTC scaleswell on massively parallelarchitectures.Thesimulationin this
studycomprises4 million particlesand301,472grid points.Thegeometryis a torusdescribedby thecon®gurationof
themagnetic®eld. ThePower3sustains174M�ops/s (12%of peak),while the304M�ops/s achievedon thePower4
representsonly 6% of its peakperformance.TheSX6 experimentrunsat 716M�ops/s, or only 9% of it theoretical
peak.This poorperformanceis unexpected,consideringtherelatively high AVL (180)andVOR (97%). We believe
this is becausethescalarunitsneedto computethe indicesfor thescatter/gatherof theunderlyingunstructuredgrid.
However, theSX6 still outperformsthePower3/4by factorsof 2.7and5.3,respectively.

Power3 Power4 SX6

M�ops/s M�ops/s M�ops/s AVL VOR
174 304 716 180 97%

Table12: Serialperformanceof GTC ona4-million-particlesimulation

11 Molecular Dynamics: Mindy

Mindy is asimpli®edserialmoleculardynamics(MD) C++code,derivedfrom theparallelMD program“NAMD” [3].
Theenergetics,time integration,and®le formatsareidenticalto thoseusedby NAMD.

11.1 Methodology

Mindy'scoreis thecalculationof forcesbetween� atomsvia theParticleMeshEwald (PME) algorithm.Its �

�

� �

�

complexity is reducedto �

�

������� �

� by dividing theprobleminto boxes,andthencomputingelectrostaticinteraction
in aggregateby consideringneighboringboxes.Neighborlistsandavarietyof cutoffsareusedto decreasetherequired
numberof forcecomputations.

11.2 Porting Details

ModernMD codessuchasMindy presentspecialchallengesfor vectorization,sincemany optimizationandscaling
methodologiesare at oddswith the �o w of datasuitablefor vectorarchitectures.The reductionof �oating point
work from � � to ������� � is accomplishedat thecostof increasedbranchcomplexity nonuniformdataaccess.These
techniqueshave a deleteriouseffect on vectorization;two strategieswere thereforeadoptedto optimizeMindy on
theSX6. The®rst severelydecreasedthenumberof conditionsandexclusionsin the inner loops,resultingin more
computationoverall,but lessinner-loopbranching.We referto this strategy asNO EXCL.

The secondapproachwas to divide the electrostaticcomputationinto two steps. First, the neighborlists and
distancesarecheckedfor exclusions,anda temporarylist of inter-atomforcesto becomputedis generated.Theforce
computationsarethenperformedon this list in avectorizableloop. Extramemoryis requiredfor thetemporariesand,
asa result,the�op/byte ratio is reduced.Thisschemeis labeledBUILD TEMP.

Mindy usesC++ objectsextensively, hinderingthe compilerto identify data-parallelcodesegments.Aggregate
datatypescall memberfunctionsin theforcecomputation,whichimpedevectorization.Compilerdirectiveswereused
to specifythatcertaincodesectionscontainnodependencies,allowing partialvectorizationof thoseregions.
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Figure6: TheapolipoproteinA-I molecule,a92224-atomsystemsimulatedby Mindy.

11.3 PerformanceResults

The casestudiedhere is the apolipoproteinA-I (seeFigure 6), a 92224-atomsystemimportant in cardiacblood
chemistrythat hasbeenadoptedasa benchmarkfor large scaleMD simulationson biological systems.Table13
presentsperformanceresultsof theserialMindy algorithm. Neitherof thetwo SX6 optimizationstrategiesachieves
high performance.TheNO EXCL approachresultsin a very smallVOR, meaningthatalmostall thecomputations
areperformedon thescalarunit. TheBUILD TEMP approachincreasesVOR,but incurstheoverheadof increased
memorytraf®c for storingtemporaryarrays.In general,thisclassof applicationsisatoddswith vectorizationdueto the
irregularlystructurednatureof thecodes.TheSX6achievesonly 165M�ops/s, or 2%of peak,slightly outperforming
the Power3 andtrailing the Power4 by abouta factorof two in runtime. Effectively utilizing the SX6 would likely
requireextensivereengineeringof boththealgorithmandthecode.

Power3 Power4 SX6: NOEXCL SX6: BUILD TEMP
sec sec sec AVL VOR sec AVL VOR

15.7 7.8 19.7 78 0.03% 16.1 134 34.8%

Table13: Serialperformanceof Mindy ona 92224-atomsystemwith two differentSX6optimizationapproaches

12 Summary and Conclusions

This paperpresentedthe performanceof the NEC SX6 vectorprocessorandcomparedit againstthe cache-based
IBM Power3/4 superscalararchitecture,acrossa wide spectrumof scienti®ccomputations.Resultswith a set of
microbenchmarksdemonstratedthat for low-level programcharacteristics,thespecializedSX6 vectorhardwaresig-
ni®cantly outperformsthecommodity-basedsuperscalardesignsof thePower3andPower4. Next we examinedthe
NPBs,a well-understoodsetof kernelsrepresentingkey areasin scienti®ccomputations.Thesecompactcodesal-
lowedusto performthethreemainvariationsof vectorizationtuning: compiler�ags, compilerdirectives,andactual
codemodi®cations.Resultsenabledusto identify classesof applicationsbothat oddswith andwell suitedfor vector
architectures,with performancerangingfrom 5%to 50%of peak.

Severalapplicationsfrom key scienti®ccomputingdomainswerethenevaluated.Table14summarizestherelative
performanceresults.Sincemostmodernscienti®ccodesaredesignedfor (super)scalarsystems,weexaminedtheeffort
requiredto port theseapplicationsto thevectorarchitecture.Resultsshow that theSX6 achieveshigh performance
for a largefractionof our applicationsuiteandin many casessigni®cantlyoutperformsthescalararchitectures.The
computationallyintensive CactusBenchADM codeshowed the bestvectorperformance,achieving a 129X (14X)
improvementover thePower3(Power4),while only requiringrecompilationon theSX6.
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Lines Power3 Power4 SX6 SX6Speedupvs.
Name Discipline of Code % Pk %Pk % Pk

�

Power3 Power4
Cactus-ADM Astrophysics 1200 2.3 6.1 55.0 1 129 13.9
Cactus-BSSN Astrophysics 8200 13.9 10.5 22.1 1 8.4 3.2

TLBE PlasmaFusion 1500 7.3 9.0 38.1 8 27.8 6.5
PARATEC MaterialsScience 50000 60.7 40.1 52.8 8 4.6 2.0

OVERFLOW-D Fluid Dynamics 100000 — 10.1 24.3 8 — 3.7
GTC MagneticFusion 5000 11.6 5.9 9.0 1 5.3 2.7

Mindy MolecularDynamics 11900 6.3 4.7 2.1 1 1.0 0.5

Table14: Summaryoverview of applicationsuiteperformance

Therestof our applicationsrequiredthe insertionof compilerdirectivesand/orminor codemodi®cationsto im-
provethetwo critical componentsof effectivevectorization:longvectorlengthandhighvectoroperationratio. Vector
optimizationstrategiesincludedloop fusion (andloop reordering)to improve vectorlength; introductionof tempo-
rary variablesto breakloop dependencies(bothrealandcompilerimagined);reductionof conditionalbranches;and
alternative algorithmic approaches.For codessuchas CactusBenchBSSNand TLBE, minor codechangeswere
suf®cient to achieve goodvectorperformanceanda high percentageof theoreticalpeak. PARATEC representeda
classof applicationsrelying heavily on highly optimizedBLAS3 libraries. For thesetypesof codes,all threearchi-
tecturesperformedvery well dueto theregularly structured,computationallyintensive natureof thealgorithm. For
OVERFLOW-D, wecomparedhybridprogrammingwith apuremessage-passingimplementation,andshowedonly a
marginalperformanceimprovementover theMPI versionat thecostof higherprogrammingcomplexity.

Finally, we presentedtwo applicationswith poor vectorperformance:GTC andMindy. They featureindirect
addressing,many conditionalbranches,andloop carrieddata-dependencies,makinghigh vectorperformancechal-
lenging. This wasespeciallytrue for Mindy, whoseuseof C++ objectsmadeit dif®cult for thecompilerto identify
data-parallelloops. Effectively utilizing theSX6 would likely requireextensive reengineeringof both thealgorithm
andtheimplementationfor theseapplications.
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